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Healthcare m Autonomous driving

e Personal assistant e Medical Imaging e Fraud detection e Route optimization
e Smart connected e Drug research  Prediction of e Autonomous
object financial flows driving

\ Application fields
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Données Apprentissage

Labelled Supervised

Partially labelled Semi-supervised
Unlabelled Unsupervised

\ Type of problems
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Discrete data

Classification

e K-means
e DBSCAN

e Mixture
models
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Regression

e Logistic
Regression

e Gradient
Boosting Tree

Reduction

Continuous data

\ Algorithms
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» Solution to nonlinearly separable problems
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+ Limitations of learning prior knowledge

* Big computation, local optima and overfitting * Kernel function: Human Intervention
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With :
® =(a,b)
N , noise

Cost
function

= Convex problem : Direct solution
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« XOR Problem
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0,

LB, y) =yilogy; + (1 —y;)log(1 — ;)

@\ Logistic regression

Cross-entropy loss
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\ Activation functions
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* Linear systems

* LU, QR, Cholesky, Jacobi, Gauss-Seidel, CG, PCG, ...
* Non-linear systems

* First order : Gradient Descent, SGD

* Second order : Newton, Gauss-Newton, LM, (L)BFGS
* Autres

* Genetic algorithms, Metropolis-Hastings, ...

 Complex and constrained solver : ADMM, Primal-Dual, ...

@\ Optimization
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B |terative solution

e Gradient descent

¢ Ot41 = 0 — VLT yi)
e 1 Learning rate
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@\ Gradient descent
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Labels

Loss function

Optimization

Model parameters

Predictions
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* Regression loss
- Average absolute deviation: L(y,y,0) = %Z?D’i — Vil
- Least squares method : L(y,y,0) = %Z?(J’i — 71)?

* Classification loss
- Cross-Entropy : E(y, 9,0) = —%Z? Z;’n yij log yi;

@\ Loss function
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@\ Regularization
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f,y,z)=(x+y) z
withx=1,y=-3,z=4

d=x+y a=1-67=1
g, L —
f=a-z od 23—

@\ Backward pass
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